This paper examines the effect of private schools on literacy (language) and numeracy (maths) skill acquisition among children drawn from lower primary grades in Kenya. We use a comprehensive household survey data that allows us to apply a number of econometric techniques to deal with the challenge of the endogeneity of private school choice. We begin with the OLS as a baseline model. We then estimate the village and household fixed effects (FE) models that control for unobservables at the village and household levels, respectively. We supplement the OLS and FE models with the propensity score matching (PSM) technique. We find positive and significant private school effect throughout all these methodologies. However, assessing the impact of omitted variable bias on the estimated coefficient of private schools by use of recent techniques, we find that the estimated bias in household FE is quite small in magnitude relative to the bias based on other estimation techniques. Since (private) schooling decision is made at the household level, it is likely that a substantial part of the unobservable component is pertaining to the household.
Introduction
In a number of sub-Saharan African countries, evidence shows that the elimination of user fees in public primary schools was followed by dramatic increases in private schools (Dixon and Tooley 2012 , Dixon 2012 , Tooley and Dixon 2005 , Tooley et al. 2008 , Tooley 2013 , Tooley and Longfield 2015 , Larbi et al. 2004 . The rise in private schools has been associated with high demand for school places in the face of limited supply of quality schools from the government. Majority of these schools have been born out of community or private initiatives to establish schools mainly within the urban informal settlements, schools that levy low fees, referred in the literature as low-cost private schools (Rose 2006 , Tooley et al. 2008 , Tooley and Longfield 2015 .
The effectiveness of private schools has also been discussed in the recent literature (see for example Javaid et al. (2012) , Andrabi et al. (2008) , French (2008) , Pal (2010) , Bold et al. (2011 Bold et al. ( , 2013a , Desai et al. (2009) ). Majority of these studies find that relative to public counterparts, private schools are better at promoting student achievements, mainly measured in terms of test scores. The validity and magnitude of private school effect is however still debated, questioned and subject to further research. Researchers such as Goldberger and Cain (1982) , Newhouse and Beegle (2006) and Altonji et al. (2000 Altonji et al. ( , 2005 urge that such private school advantage may be due to spurious correlations between private school attendance and unobserved student and family characteristics. Children who attend private schools may already have high academic potential or even access to complementary educational resources in a manner that is not easily observable to the researcher.
Endogenous selection into private schools is quite evident in sub-Saharan African countries. In Kenya, studies have shown that poor parents bypass free public primary schools and send their children to otherwise fee-paying low-cost private schools due perceived better quality in private schools (Tooley et al. 2008 . Such parents, concerned with their children's education, despite being poor, are more likely to ensure that the home environment is favorable for learning for their children. For instance, they are likely to invest in efforts such as helping their children with homework. These are factors that are not easily observed to researchers. Evidence shows that accounting for unobservable factors and selection bias can wash away or dramatically reduce such private school advantage. In Indonesia, Newhouse and Beegle (2006) accounts for selection effects and finds that private schooling has in fact significant negative effects on test scores.
In this paper, we use a rich household survey data to estimate the effect of private schools on literacy (language) and numeracy (maths) skill acquisition among children mainly drawn from lower primary grades in Kenya. Our main contribution lies in accounting for the endogeneity of private school choice while estimating the effect of private schools. We do so by using different econometric techniques. We begin with the OLS as a baseline model. We then estimate the village and family fixed effects 1 models that control for unobservables at the village and household levels, respectively. Using a methodology advanced by Altonji et al. (2005) , we estimate the potential size of any bias on the estimated coefficient of the private school variable due to unobservable selectivity in the OLS and the fixed effects models. We supplement the OLS and fixed effects models with a non-parametric estimation technique, that is, propensity score matching (PSM). Following Rosenbaum (2002) , we check the extent to which our estimates based on PSM suffer from hidden bias (unobservables).
As pointed out by French et al. (2010) , each of the above strategies has its own strengths and weaknesses and no strategy on its own can yield convincing estimates of the private school premium. It is for this reason that we apply different methods to see if they lead to similar conclusions about the effect of private schools on children literacy and numeracy skill acquisition. This comparative analysis also provides us with a sense of the range of the size of the private school effect.
Private schooling in Kenya has expanded dramatically over the past decade (Tooley et al. 2008 , Heyneman and Stern 2014 , Tooley and Longfield 2015 , Edwards Jr. et al. 2015 , Piper and Mugenda 2010 , Piper et al. 2015 . However, there is a dearth of studies that look at the effectiveness of these schools. Research has mostly focused on understanding why households, mainly poor households, choose to enroll their children in low-fee paying private schools and not in free public schools. The reasons are varied. Tooley et al. (2008) and Oketch and Somerset (2010) find that perceived better quality of private schools (in terms of teaching, teacher attendance, school performance, small class size and discipline) is a key driver of parents' choice of private schools. Oketch et al. (2012) focusing in urban areas and Nishimura and Yamano (2013) focusing in rural areas both find that an increase in household wealth is likely to lead to the household enrolling a child in a private school.
To our knowledge, only one study in Kenya by Bold et al. (2013a) has estimated the effect of private schools on student scores while addressing the endogeneity of school choice in Kenya. The authors find a large private school premium, equivalent to one standard deviation based on grade eight tests scores (end of primary cycle examinations). Their study however suffers from two shortcomings. First, in a typical country like Kenya, the sample of children in school becomes more and more self-selective as one advances to higher grades due to relatively high drop-out rates. Second, the fact that a pupil sits for end of primary cycle examinations (grade eight tests) at a private school does not mean that he or she has been in that school from grade one. 2 The estimates in Bold et al. (2013a) based on end of primary cycle examinations (grade eight tests) are, likely to suffer from sample selection bias (due to relatively high dropout rates) and mis-attribution (due to possible transfer from private to public schools or vice versa). To deal with these challenges, we restrict our sample to children in lower primary grade two to grade four. We are not aware of any study that focuses on the importance of private schools on cognitive development of children from lower primary grades in Kenya and by extension sub-Sahara Africa.
Here is a preview of our results. We find a positive and significant private school advantage across all the estimated methods. Our results however seem to suggest that the OLS, village fixed effects and propensity score matching regressions overestimate the true primary school effect while the household fixed effects model underestimates the private school effect. From this, we have a sense of the range of the private school premium. In maths, the premium ranges from 0.13 to 0.21 score standard deviation, based on the household and village fixed effects models, respectively. In the case of language, it ranges from 0.20 to 0.29 score standard deviation, based on the household and village fixed effects models, respectively. Results from Altonji et al. (2005) shows that the size of the bias on the estimated coefficient of the private school variable due to unobservable selectivity, especially based on the household fixed effects model, is quite small.
The rest of the paper unfolds as follows. Section 2 provides the context of private sector education provision in Kenya while in section 3, we review literature on private school effectiveness. In section 4, we provide a description of our survey data and the summary statistics. Section 5 outlines the estimation techniques. In section 6, we discuss the empirical results and finally issue concluding remarks in section 7.
The Context: Private School Provision in Kenya
Kenya has a long history of private sector education provision. Private sector education providers include non-governmental organizations, faith-based organizations, communitybased providers and private-for-profit agents (Tooley et al. 2008 , Heyneman and Stern 2014 , Tooley and Longfield 2015 , Edwards Jr. et al. 2015 . Faith-based organizations and communitybased providers have supported education provision since the early 1960s. Through the 1980s and 1990s, private education provision expanded owing to structural adjustment programs (SAPs) that led to the reduction in public education funding (Nishimura and Yamano 2013) . This period saw the entry of private-for-profit agents. Despite these developments, private education remained out of reach for children from poor and rural households as many community-financed school projects were not financially sustainable (Olembo 1985) .
Currently, Kenya's primary education provision is characterized by free public provision of education and a huge market for private fee-charging schools. The fall in the quality of education offered in public schools mainly following the introduction of free primary education led to an increase in private school provision (Bold et al. 2013b , Oketch and Somerset 2010 . Private school provision accounts for about 25 percent of the total primary school sector in Kenya (KIPPRA 2016). This does not however account for the highly unregulated and unregistered non-formal private sector schools in urban informal settlements.
Today, private schools in Kenya reflect a diverse range of institutions, ranging ranging from: (a) highly unregulated and sometimes unregistered non-formal schools mainly located in informal settlements 3 ; (b) formal private academies in middle and high-income urban areas and (c) very few old traditionally exclusive private schools offering foreign curriculum such as the General Certificate of Secondary Education (GCSE) Mugenda 2010, Piper et al. 2014 ).
The main development in the sector during the post-free public primary school era has been the mushrooming of non-formal schools located in urban informal settlements whose goal has been to meet the high demand for school places in those urban informal settlements (Tooley et al. 2008 , Heyneman and Stern 2014 , Edwards Jr. et al. 2015 , Tooley and Longfield 2015 , Piper et al. 2014 , 2015 . These schools levy low fees to make them affordable for children from poor urban informal settlements. They are the main source of education for children in urban informal settlements and for some families, the choice may not be between a government primary school and a non-formal school, but between the non-formal school and no school at all (Oketch and Somerset 2010) .
Such low-fee private schools generally lack school infrastructure and facilities, trained teachers and adequate teaching and learning resources. They are characterized by high student and teacher turnover. Parents with children in these institutions pay tuition fees that average less than USD. 10 per month Mugenda 2010, Piper et al. 2014 ). Admission to these low cost private schools is granted at the discretion of the head teacher and only a few schools conduct interviews for new students as part of the selection process. Although some are registered and receive some form of support from the government 4 , the majority run with limited engagement with the government. In fact, low cost private schools operate within the same constraints as households living in their catchment area (Edwards Jr. et al. 2015) . In this regard, they have little or no security of tenancy, are highly unregulated, lack space or sanitation facilities and are vulnerable to the challenges that characterize densely populated and volatile urban informal settlements in Kenya (Tooley et al. 2008 , Heyneman and Stern 2014 , Edwards Jr. et al. 2015 , Piper et al. 2014 , Tooley and Longfield 2015 , Piper et al. 2015 , Piper and Mugenda 2010 .
While a lot has been documented with regard to low cost non-formal private schools in urban informal settlements, there is little information regarding private schools in rural areas as well as private academies in middle and high-income urban areas. There are indications of remarkable penetration of such schools in rural areas. We are only aware of a study by Nishimura and Yamano (2013) 4 Starting in 2005, the Ministry of Education extended support (for instructional materials) to the lowfee paying private schools in informal settlements. The support comes through the Instructional Materials initiative, in which schools receive funding each academic term to pay for instructional materials, such as chalk, erasers and books. The amount allocated per pupil is intended to equip schools with key textbooks on a shared basis of one book for every two children. In order to qualify for this government support, the school should: (i) be registered, (ii) be assessed by Ministry of education officials in terms of location, sanitation, safety etc and (iii) have a School Management Committee comprising of teachers and two representatives of the parents (Edwards Jr. et al. 2015) . The number of schools under government support had increased from 59 in 2004 to 410 in 2009.
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3 Do Private School Children achieve better Learning Outcomes than counterparts in Public Schools?
To estimate the effect of private schools, the earliest studies estimated the effect of private schools using a dummy variable indicating whether a child is attending a private school or not alongside other characteristics related to students and their families. Some of these include; Hammersley et al. (1981) for the United Kingdom, Psacharopoulos (1987) for Colombia and Tanzania, Govinda and Varghese (1993) for India, McEwan and Carnoy (2000) for Chile and McEwan (2002) for Argentina and Chile, among others. Using OLS estimation, these studies generally find that attending private schools is associated with an increase in the student test scores. The main challenge with all these studies is that they treat private school choice as exogenous which is not likely to be the case.
Most recent studies have dealt with the endogeneity of school choice through different approaches. One such approach is the use of experimental data where students are randomly assigned to schools, mainly through school vouchers. Angrist et al. (2002) examines the impact of a program that used a lottery to distribute vouchers that covered the cost of private secondary school education in Colombia. Students were randomly awarded or denied private school vouchers and as such, vouchers provided a convenient method of randomly assigning students to private schools. The study finds that after three years, voucher winners attending private schools, scored 0.2 score standard deviations higher than their public school counterparts in achievement tests comprising tasks in maths, reading and writing.
Despite its attractiveness, the use of experimental data has weaknesses. It depends on the accuracy of the randomization process and secondly, it is quite expensive to roll out randomization programs. As a result, most studies are based on non-experimental data and have employed a number of approaches in an attempt to estimate the true effect of private schools on learner test scores. The instrumental variable (IV) approach is an example. In this approach, certain variables (instruments) which affect private school attendance but not student achievement are used to estimate the casual effect of private schooling (Goldhaber and Eide 2003, Wooldridge 2010 ).
Different instruments have been explored in the literature. Angrist et al. (2002) uses receipt of a voucher as an instrument for attending private school to determine the effect of private schools in Colombia. The argument is that those who obtain a voucher actually attend private school, but receiving the voucher in itself does not guarantee that one excels in school. The study finds that attending a private school increases the probability of finishing eighth grade by 13 to 15 percentage points, and increases test scores by 0.29 score standard deviations in combined tasks involving maths, reading and writing. In Pakistan, Andrabi et al. (2008) use distance to the private school as an instrument for private school enrolment. They find that attending a private school is associated with increase in student test scores by 0.8 to 1 standard deviations (depending on the subject). Evans and Schwab (1995) use religious affiliation as an exogenous source of variation in Catholic school (private school) attendance. They find that attending Catholic schools increases high school graduation by 12 percentage points and college attendance by 14 percentage points 5 .
Although the use of instruments is appealing, finding a credible instrument is challenging. As a result, other studies adjust for selection bias using propensity score matching to estimate the causal effect of private schools. Using the data from a nationwide survey of 452 schools and 22,500 secondary level students in Nepal, Thapa (2015) adjusts for selection bias using propensity score matching and still finds that attending a private school increases student scores by about 8 percentage points in school leaving certificate exams. In India, Azam et al. (2015) Jones et al. (2014) . The third round of Uwezo survey was based on a twostage random sampling design. First, 30 primary sampling units (enumeration areas and/or villages) from each district were selected with the probability of selection proportional to population size. Second, about 20 households in each enumeration area were selected via systematic random sampling. 7 Uwezo targets children aged 6-16 years who are regular residents of the household. Households without such children were therefore excluded.
Household, School and Village Surveys
In each enumeration area, data collection involved three steps. First, data was collected from one randomly selected local public primary school within the enumeration area. 8 Information was gathered on school enrolment, teachers, classroom facilities as well as school facilities among others. Close to 4,465 schools were covered. Second, a questionnaire was administered to the village head of the sampled enumeration areas (villages). Among others, it gathered information on availability of: (i) social amenities (chief's office, shopping center and police post), (ii) infrastructure (roads, all-weather roads, protected water points and electricity), and (iii) the number of educational and health facilities in the village.
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Finally, households were visited. A questionnaire was then administered to the head of the household (or representative). For children aged 6-16 years, information was gathered about their age, gender, disability, school grade, whether they were enrolled in school and for those enrolled, the type of school they were enrolled in (private or public) and the time taken to arrive at school. The household questionnaire also collected information on parental age and education as well as indicators of household socioeconomic status.
Children (Student) Assessments
Each child of school age (6-16 years), whether or not attending school, was assessed in language (English and Kiswahili) and mathematics. The tests were based on the grade two level curriculum. In this study, we do not consider Kiswahili tests. The language (literacy) tests were designed to assess five principal competencies, namely: (1) letter recognition, (2) word recognition, (3) ability to read a paragraph, (4) ability to read a (short) story and (5) ability to comprehend information in the story (Uwezo 2012 , 2014 , Jones et al. 2014 , Wakano 2016 ).
As noted in Jones et al. (2014) , each competence level was assessed by a separate test item. However, due to the ordered nature of the competencies, 10 not all children are assessed on each competency item (see Jones et al. (2014) ). In this regard, the literacy assessments began with level 3 competency (reading a paragraph) and either stepped up (to comprehension) or stepped down (to letter level) in difficulty depending on the child's initial response. Overall, each child was classified into one of these five ascending categories: (1) knows nothing; (2) can identify a letter; (3) can identify a word; (4) can read a paragraph; (5) can read a short story and (6) can do comprehension.
9 Information gathered included the number of primary and secondary schools (public and private) as well as the number of village polytechnics. Data was collected on the number of health facilities run by government and non-governmental organizations.
10 Ordered nature of the competencies means that comprehension of the paragraph (highest competence) requires ability to read story, process it, and understand its meaning. Knowing how to read a story implies ability to read a paragraph which in turn implies ability to recognize words. Ability recognize words implies ability to recognize letters (lowest competence).
The numeracy tests, structured and administered in a similar way to the literacy tests, assessed the following competencies: (1) counting, (2) number recognition (two digits), (3) rank ordering of two numbers, (4) addition, (5) subtraction, (6) multiplication and (7) division (Wakano 2016 , Uwezo 2012 , 2014 , Jones et al. 2014 ). It began with the level 5 item (subtraction) and the level of difficulty was either stepped up (to division) or stepped down (to counting) depending on the child's initial response. Similarly, each child was classified into one of these ascending categories: (1) knows nothing; (2) can count; (3) can identify a number; (4) can discriminate numbers; (5) can add (6) can subtract; (7) can multiply and (8) can divide.
Descriptive Statistics
The 2012 Uwezo survey covered about 145,564 children aged 6-16 from 72,000 households residing in close to 4,000 villages. In this paper, we focus on children who were currently enrolled and were in grades two to four. We impose this restriction for various reasons.
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First, there is scant information on the effect of private schools on children learning in lower grades in Kenya and by extension sub-Sahara Africa. Second, in a typical developing country like Kenya, the sample of primary school children is likely to become more self-selective as one goes higher up due to drop-out rates. Focusing on grade two to four allows us to minimize such potential self-selection problems. Imposing this restriction reduces the number of children to 52,709 distributed in close to 20,000 households.
We have two dependent variables, that is, student scores based on the language (literacy) and maths (numeracy) tests. As already mentioned, the Uwezo literacy (language) tests assessed five principal competencies, ranging from letter recognition to comprehension of the paragraph. The numeracy (mathematics) tests assessed seven principal competencies, ranging from counting and matching numbers to simple division tasks. To define the dependent variables based on these competencies, we closely follow two recent studies by French et al. (2010) and Wakano (2016) . French et al. (2010) estimated the effect of private schools in rural India based on the Annual Status of Education Report (ASER) survey. The Uwezo and ASER surveys are in fact quite similar in structure.
12 Wakano (2016) used the Uwezo survey for Kenya collected in 2010 to estimate the effects of locally hired teachers on student achievements in Kenya. (2014) following French et al. (2010) and Wakano (2016) .
In the footsteps of French et al. (2010) and Wakano (2016) , we allow scores in language to range from 0 (student could not manage any of the tasks) to 5 (student could manage all tasks up to comprehension level). In the same vein, maths scores range from 0 (student could not manage any of the tasks) to 7 (student could manage all tasks up to division level) (see table 1 ). In the regression analysis, we follow French et al. (2010) by standardizing the scores in table 1 to the mean of 0 and standard deviation of 1 to make interpretation easy. We do so separately for language and mathematics scores. Before turning to regression results, we show some descriptive statistics. In table 2, we show the overall mean score for language and maths based on score allocations as described in table 1. The mean score for language is 2.72. Looking at table 1, this means that the majority of students assessed could manage tasks ranging between reading words and reading a paragraph. Similarly, the mean score for maths is 4.75 meaning that the majority of students could manage tasks ranging between addition and subtraction. In both subjects, private school students do better and are able to handle higher level tasks relative to their counterparts in public schools.
In table 3, we report the means for child, family and village related variables used in the estimation. Panel A shows that 15 percent of grade two to grade four children in the survey attend private schools. We know that these students attend private schools based on the response to the question that asked about the type of school a child attends. The analysis in section 2 shows that private schools in Kenya are quite heterogeneous, ranging from highly fragmented non-formal schools (mainly located in informal settlements) and formal private academies (in middle and high-income urban areas). The manner in which the Uwezo survey was collected does not allow us to know whether the child attends a non-formal or formal private school. 13 The inability to account for such heterogeneities is likely to bias our estimates. As noted by Ashley et al. (2014) , these are common challenges affecting analysis of the effectiveness of private schools in developing countries.
We report results for the whole sample, for the public sample and the private sample. In column 4, we show the mean differences between public and private samples. Since we are interested in the effect of private schools relative to public counterparts, our interest here lies mainly in column 2, 3 and 4. Panel A shows that relative to their counterparts from public schools, private school students are more likely to be young, female and with no disability. Similarly, private school students are also more likely to attend tuition classes.
Panel B and C of table 3 show that the mean for measured family and village background characteristics are substantially higher for students who attend private schools. For instance, private school learners are more likely to be born of young parents, with higher educational attainments relative to their counterparts in public schools. They also come from homes with a higher index of asset ownership 14 as well as homes that are more likely to have their own water source and toilet facility. In addition, they come from households that are more 13 Our conversation with the Uwezo survey team however shows that majority of the private schools in the sample include non-formal and formal private academies. The sample does not include old traditionally exclusive private schools that offer foreign curriculum such as the General Certificate of Secondary Education (GCSE).
14 We use the ordinary principal component analysis (PCA) to construct the index of household assets. The index is based on household ownership of the following assets: durables (TV, radio, car, computer, mobile phone, bicycle, motorbike and cart) and livestock (cattle, donkey, camel, sheep/goat).
likely to use electricity as a source of lighting (as opposed to sources such as paraffin) and whose dwelling place is made of bricks and stones (as opposed to materials such as mud and polythene).
It therefore appears that pupils who attend private schools already have disproportionately higher academic potential and access to complementary educational resources relative to their counterparts attending public schools. As noted by Altonji et al. (2005) and Goldberger and Cain (1982) , this raises the possibility that part or even all of the gap in student test scores between private and public students as observed in table 2 column 2 and 3 may be a reflection of who attends private schools, thus indicating some level of selection. In other words private schools could be attracting students who are already advantaged given their home environments. This provides the motivation for this paper: to estimate the private school premium while addressing such potential selection into private schools based on the methods we have presented in the next section. We use the ordinary principal component analysis (PCA) to construct the index of household assets. The index is based on household ownership of the following assets: durable assets (TV, radio, car, computer, mobile phone, bicycle, motorbike and cart) and livestock assets (cattle, donkey, camel, sheep/goat); and (3) ***1 percent significance level, **5 percent significance level and *10 percent significance level.
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Our intention is to triangulate the effects of private schools on student achievement using methods that try to control for endogeneity of school choice by households. These include OLS, village and household FE models and propensity score matching. As mentioned, each of this method has its strengths and weakness. It is for this reason that we try multiple methods to get a sense of the range of the private school premium in Kenya. In this section, we lay out these methods.
Parametric Estimation: Ordinary Least Squares Method
We begin with the basic ordinary least squares technique. Here, the educational outcome of student i in household j located in village k, denoted as A ijk , depends on the type of school attended, (where P RIV ijk is a dummy variable that equals 1 if the child attends a private and 0 if a child attends a public school) and the vector of: (a) individual characteristics, X ijk , (b) family characteristics, ψ ijk , (c) village characteristics, φ ijk . ε ijk is a random error with the mean 0 and variance σ 2 . Formally,
The main concern of this paper is the endogeneity of P RIV ijk . A major assumption of OLS is that P RIV ijk is uncorrelated with ε ijk conditional on X, ψ and φ. However, even after controlling for a comprehensive set of individual, family, village controls in the Uwezo survey data, it is possible that in equation (1), there are factors that determine student achievement but have been omitted, mis-measured or unobserved. If such factors are correlated with private school attendance, then the estimates of P RIV ijk will be biased either upwards or downwards. In what follows, we explore how to deal with this potential endogeneity of P RIV ijk .
Village Fixed Effects Approach
The first step towards refining the estimates of P RIV ijk is controlling for any sources of observed and unobserved heterogeneity at the village level. In this regard, following Dostie and Jayaraman (2006), Javaid et al. (2012) , Andrabi et al. (2008) , French et al. (2010) and Mani et al. (2013) , we estimate a village fixed effects model as outlined in equation (2):
φ k is the village fixed effects. Through the village fixed effects, we are able to (a) remove all sources of observed and unobserved heterogeneity at the village-level and (b) address clusterrelated issues in the standard errors since common village-level unobservables are also cluster effects (Wooldridge 2003 , Mani et al. 2013 ).
Household Fixed Effects Approach
Equation (2) does not address the potential observed and unobserved heterogeneity at the household level. To address this identification challenge, we follow Desai et al. (2008) , Vegas and Devercelli (ND), De Haan et al. (2014) and French et al. (2010) by estimating a household/family fixed effects model shown in equation (3):
ψ j is the household fixed effects. Similarly, through the household fixed effects, we are able to remove all sources of observed and unobserved heterogeneity at the household level. Each household in our data is considered as a cluster since there are individual children within the household who are genetically linked. We cluster standard errors at the household level (Nichols and Schaffer 2007, Vegas and Devercelli ND, Maitra et al. 2016) .
Assessing the Potential Bias from Unobservables
The OLS, village fixed effects and family fixed effects methods cannot deal with all sources of endogeneity. For instance, even after using the household fixed effects, within-household child-varying factors (such as child ability and/or motivation) 15 which play a role in influencing parental education decisions (Behrman et al. 1994 , Andrabi et al. 2008 , Maitra et al. 2016 ) are likely to remain in the error term, and may be correlated with attendance to private schools. Put differently, when estimating a household fixed effects model, the estimates might be free from within-household child-specific factors (such as age, gender etc) and household unobserved heterogeneity. However, the possible presence of omitted variables mainly originating from within-household child-varying factors that are likely to be correlated with both private school attendance and student achievement means that we should be careful with interpreting our private school effects as being causal.
Acknowledging this limitation, we turn to a methodology proposed by Altonji et al. (2005) to assess the potential size of any bias on the estimated coefficient of the private school variable due to unobservable selectivity. 16 In their paper, Altonji et al. (2005) propose the idea that selection on observables is the same as selection on unobservables, which is equivalent to the condition that:
where X is a vector of all observable (child, household and village) characteristics, and ε is the error term potentially correlated with P RIV . Intuitively, we can assess the strength of the evidence of private school effect by checking how plausibly large the quantity on the left must be relative to the quantity on the right to explain the whole β 1 estimate in the OLS and fixed effects models under the null hypothesis that there is no private school effect (e.g.
The bias from OLS and the fixed effects models is
and this is equivalent to
if ε and X are orthogonal. The tildes denote the residuals from a regression of P RIV on X. This bias can be assessed by the following equation.
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Cov(ε, P RIV )
16 This approach has been widely used in the context of problems similar to ours. Altonji et al. (2005) uses the procedure to study the effectiveness of Catholic schools in the USA. Others include Kingdon and Teal (2010) whose study examines the impact of teacher unionization on student achievement in India, Cavalcanti et al. (2010) who study the effect of private school attendance on public university entrance examinations in Brazil and most recently Simumba (2013) who investigates the effect of child labour on children's school attendance in rural Zambia.
17 The bias is given by plimβ 1 = β 1 + Cov(ε, P RIV ) V ar ( P RIV ) and it is positive as long as the variable P RIV is not orthogonal to the error term ε.
where the first equality follows if ε and X are orthogonal and the second equality follows from the fact that
. When reporting our regression results for OLS and village and household FE models, we will also show the results from applying this method based based on equation (6). We further address the endogeneity of P RIV ijk in equation (1) by use of a non-parametric matching approach (propensity score matching).
19 We are interested in estimating the effect of private schools on student achievement. This is a clear example of a treatment evaluation study whose main pillars are individuals (students), treatment (going to private school) and outcomes (the tests scores). In the case of a binary treatment like ours, the treatment indicator T can be defined as T = 1 if a student attends a private school and T = 0 if a student attends a public school. If we define Y i as the outcome of the intervention, then Y i (T i ) is the potential outcome for student i where i = 1, ......N . Following Roy (1951) and Rubin (1974) , the treatment effect for a student i can be written as:
However, we cannot simultaneously observe Y i when Y i = 1 and Y i = 0. Since we are interested in estimating the effect of private schools, we can only observe Y i (1) and not Y i (0). The latter is called a counterfactual. Propensity score matching overcomes the problem of lack of counterfactual by matching participants (students in private schools) to non-participants (students in public schools) who are observationally similar based on pre-treatment observable characteristics, which we denote as X. The assumption here is that conditional on observables, students in private and public schools do not differ systematically along unobservables.
18 We are grateful to Prof. Todd Elder of Michigan State University for sharing the Stata routines for estimating the potential size of any bias on the estimated coefficient of the private school variable due to unobservable selectivity.
19 A major drawback of OLS (including the village and family fixed effects) is that it imposes a linear form on the outcome equation. In our case, as observed by Vandenberghe and Robin (2004) , the effect of private schools is taken to be uniform across the distribution of all the explanatory variables and adequately captured by the (constant) coefficient of a dummy variable. Such a linear restriction does not have a theoretical justification.
Propensity score matching is founded on two key assumptions: conditional independence and common support (or overlap condition). Conditional independence means that given a set of observable characteristics of X which are not affected by treatment, potential outcomes are independent of treatment assignment (Rosenbaum and Rubin 1983) . Formally:
The common support ensures that for each value of observable characteristics X, there is a positive probability of being both in the treated and untreated groups:
Given that conditional independence assumption holds and assuming that there is overlap between both groups, the PSM estimator for the treatment effect on the treated (ATT) can be written in general as:
To put this in words, the propensity score matching estimator is simply the mean difference in outcomes over the common support, appropriately weighted by the propensity score distribution of participants.
For estimation, we first estimate a model of school choice (private versus public) using a probit model 20 . We then use the propensity score 21 from the probit model to match the treated 20 When estimating the propensity score, two choices have to be made. The first one concerns the model to be used for the estimation (which we use probit), and the second one the variables to be included in this model. We control for a comprehensive list of individual, household and village variables that influence household school choice discussed in section 4.
21 Matching pupils directly can be computationally demanding especially when there are a large number of characteristics of X to control (curse of dimensionality). Rosenbaum and Rubin (1983) demonstrate that matching can be done on a single-index variable, the propensity score, which in our case is the probability of attending a private school given the observed characteristics X estimated through the probit model. The propensity score considerably reduces the dimensionality problem, as conditioning is on the basis of a scalar rather than a vector. The propensity score, however, must verify the balancing property. That is, the function used to compute the propensity score should be such that individuals with a similar propensity to attend 20 (private school students) and non-treated (public school students) who are observationally similar.
Sensitivity Analysis using Rosenbaum Bounds
As we have mentioned, students in private schools (treated group) are matched with those in public schools (control group) on the basis of observables. The underlying assumption is that conditional on observables, private and public school students do not differ systematically along unobservables. While our matching process is based on a rich set of observable child, family and community characteristics collected by Uwezo survey (see table A.2 in the appendix), we cannot rule out the presence of selection bias resulting from unobservables. There could be a possibility of selection bias into private schools due to unobserved factors and this could happen even in cases where students in the treated group have been well matched to those in the control group. Rosenbaum (2002) has developed a procedure, known as the Rosenbaum bounds, that allows us to assess the sensitivity of our results to the selection on unobservables.
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We briefly explain the Rosenbaum bounds procedure drawing on a number of studies (Aakvik 2001 , Bharath et al. 2011 , Azam et al. 2015 , Becker and Caliendo 2007 ) that have applied it. First, assume that student's i probability of receiving treatment (attending a private school) is given by equation (11):
where X i are studenti's observed characteristics, u i is the unobserved variable, and γ is the effect of u i on private school enrolment. If our treatment estimates are free from hidden bias, γ will be zero and the private school participation probability will be determined solely by X i . However, if there is hidden bias, then it is possible that two students with the same observed characteristics X, have different chances of receiving treatment (attending private school).
Suppose we have a matched pair of students i and j, and suppose F in equation (11) follows a logistic distribution. If both students have identical observed characteristics-as implied a private school display, on average, similar values of X i (Vandenberghe and Robin 2004 , Caliendo and Kopeinig 2008 , Azam et al. 2015 22 This strategy is similar to the one used by Altonji et al. (2005) in the case of OLS and fixed effects models.
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by the matching procedure, the odds ratio that the two students receive treatment is then given by:
As can be seen in equation (12), both students differ in their odds of receiving treatment by a factor that involves the parameter γ and the difference in their unobserved characteristics u. So, if there are either no differences in unobserved variables (u i − u j ) or if unobserved variables have no influence on the probability of participating (γ = 0), the odds ratio is one, implying the absence of hidden or unobserved selection bias. Sensitivity analysis now evaluates how changing the values of γ and (u i − u j ) alters inference about the effect of private schools.
Following Rosenbaum (2002) , Aakvik (2001) and Becker and Caliendo (2007) , we assume for simplicity that the unobserved covariate is a dummy variable with u i ∈ 0, 1. Rosenbaum (2002) shows that equation (12) implies the following bounds on the odds ratio that either of the two matched individuals will receive treatment:
Γ = e γ is a measure of the degree of departure from the case that is free of hidden bias (Rosenbaum 2002) . Both matched students i and j have the same probability of participating only if Γ = e γ = 1 and in this case the model will be free of hidden bias. Otherwise, if for example Γ = e γ = 2, students who appear to be similar (in terms of X) could differ in their odds of receiving the treatment by as much as a factor of 2.
Results

OLS and Fixed Effects Estimates of Private Schools Effects
To put our results into perspective, we first present the OLS regression (equation (1)), as a baseline model, followed by the fixed effects regression. Model 1 of table 4 and table 5 presents estimated OLS results for maths and language respectively. We can see that after accounting for students, household and village characteristics, the results from OLS show that attending a private school relative to a public school is associated, on average, with an increase in maths and language scores of 0.18 and 0.27 score standard deviations respectively.
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We are careful not to give the OLS estimates a causal interpretation due to possible endogeneity of private school choice. We begin to address this challenge by estimating a village fixed effects model. The village fixed effects model helps us to remove all sources of village level unobserved and observed heterogeneity common to all children in the village. Through the village fixed effects, we are also able to address cluster-related issues in the standard errors since common village-level unobservables are also cluster effects (Wooldridge 2003 , Mani et al. 2013 . Results are shown in model 2 of table 4 and table 5. We still find a relatively large private school effect, in fact slightly higher than estimates based on OLS. The estimated private school coefficient means that attending a private school relative to a public school is associated, on average, with an increase in maths and language scores of 0.20 and 0.29 standard deviations respectively, an indication that OLS estimates are perhaps biased downwards.
The village fixed effects do not however control for the observed and unobserved heterogeneity at the household level. We explore this through the household fixed effects model which controls for household-level observed and unobserved factors, allowing us to focus on withinhousehold child-specific factors such as gender, age and grade. Model 3 of table 4 and table 5 presents the results of the family fixed effects model. As can be seen from the table, after controlling for family-level observed and unobserved factors, we observe a reduction in the size of the private school effects. Nevertheless, there is still a sizable and significant positive effect of private schools on student language and maths test scores. Specifically, we find a private school advantage of 0.13 and 0.21 score standard deviations in maths and language respectively.
As we noted, the OLS and FE methods cannot deal with all sources of endogeneity. For instance, the household fixed effects are unlikely to control for the within-household childvarying factors which are likely to remain in the error term and may be corrected with attendance to private schools. In the last two rows of table 4 and table 5 , we report the estimated bias using Altonji et al. (2005) 's procedure based on equation (6). This procedure estimates the potential size of any bias on the estimated coefficient of the private school variable due to unobservable selectivity (see also Cavalcanti et al. (2010) and Kingdon and Teal (2010) ).
Like Kingdon and Teal (2010) , where the sign of the private school effect and the bias are identical, it means that we have overestimated the true effect. 24 Looking at table 4 and   table 5 , the estimated coefficient in the OLS regression is 0.18 and 0.27 for maths and language respectively. The estimated bias is positive and it is 0.48 and 0.74 for maths and language respectively, which suggests that the OLS regression overestimates the true effect of private schooling on test score. We find similar evidence in the village fixed effects model too. We can also see that there is a substantial reduction in the size of the bias as we move from OLS to the fixed effects models.
Since the true effect has been over-estimated in the OLS and village fixed effects, we can find the size of the unobservables necessary to explain away the implied effect from private school attendance. Following Altonji et al. (2005), we calculate this by dividing the estimated coefficient by the bias (that is the ratio of the estimated coefficient to the bias). For instance, in the case of the OLS results for maths (table 4), the ratio of the estimated private school effect coefficient to the bias is 0.38. This implies that the role of unobservables that determine student maths test scores would have to be more than 0.38 times the role of observables for the entire private school effect to be explained away by the unobservables. For language, it is 0.36. (7) Ratio (on the last row) is defined as the ratio of the coefficient on private school and the estimated bias based on equation (6). (8) ***1% significance level, **5% significance level and *10% significance level. (1) Student goes for paid tuition means student attends classes offered beyond the normal scheduled school time; (2) Student's current grade is entered as a continuous variable. Results do not change even when we enter student's current grade as a categorical variable; (3) We do not control for father's age because of large number of missing values; (4) We use the ordinary principal component analysis (PCA) to construct the index of household assets. The index is based on household ownership of the following assets: durable assets (TV, radio, car, computer, mobile phone, bicycle, motorbike and cart) and livestock assets (cattle, donkey, camel, sheep/goat); (5) Standard errors are in parenthesis; (6) In the OLS and household fixed effects models, standard errors are clustered at household level. In the village fixed effects model, standard errors are clustered at the village level; (7) Ratio (on the last row) is defined as the ratio of the coefficient on private school and the estimated bias based on equation (6). (8) ***1% significance level, **5% significance level and *10% significance level.
On the other hand, where the sign of the private school effect and the bias are not identical, it means that we have underestimated the true effect. For instance, the estimated coefficient in the household fixed effects is 0.13 and 0.21 for maths and language respectively. The estimated bias is however negative. It is equal to −0.10 and −0.01 for maths and language respectively, suggesting that the household fixed effects regression underestimates the true effect of private schooling on test score. Since we have under-estimated the true private school effect, there is no need to calculate the size of the unobservables necessary to explain away the implied effect from private school attendance.
In summary, we learn the following from the application of Altonji et al. (2005)'s procedure. First, there is evidence of a bias on the estimated coefficient of the private school variable due to unobservable selectivity. This bias however reduces, substantially, as we move from OLS to village fixed effects and to household fixed effects. In the OLS and village fixed effects, the magnitude of bias, as compared to the coefficient, is quite large, suggesting that the OLS and the village fixed effects models may suffer from the problem of selection due to unobservables and hence they are not reliable for obtaining the true effect of private schools on test score. Since the private schooling decision is made at the household level, it is likely that a substantial part of the unobservable component is pertaining to the household. Consistent with this view, when we estimate a household fixed effects model, we find that the estimated coefficient is smaller in magnitude. Moreover, the estimated bias in household fixed effects model is negative and also smaller in magnitude. This in fact indicates that unlike the previous models, household fixed effects model yields a coefficient that is an underestimate of the true effect of private school. Therefore from this analysis we find that household fixed effects regression is a more reliable model that closely captures the true effect of private schooling on test scores.
Propensity Score Matching Estimates of Private Schools Effects
We now turn our attention to the estimates based on the propensity score matching approach. In the appendix, we show different indicators characterizing the level of success of the matching process. Table A .1 in the appendix shows results for the probit model 25 that produced the propensity scores which were in turn used for matching the treated and nontreated participants. Figure A .1 in the appendix shows considerable overlap between treated (private school students) group and control (public school students) group. Table A .2 in the appendix shows that matching balanced quite well among all the variables affecting household school choice. In column 9 and column 10 of table A.2, we report the t-tests and p-values of equality between treated (private school students) group and control (public school student) group after matching for each variable. Looking at the t-tests and the p-values, we find that almost all the values are insignificant showing a very successful level of matching. The table further shows that the matching process significantly reduces the standardized bias (SB). A standardized bias of below 5 percent after matching is widely acceptable in most empirical studies (Caliendo and Kopeinig 2008) . In our case, the standardized bias, shown in column 8, for all the variables, is below 5 percent. A physical inspection of figure A.2 and A.3 further confirms that indeed matching significantly reduces standardized bias (SB).
Since a number of matching algorithms are considered (nearest neighbor matching, kernel matching, radius matching and caliper matching), 26 the match quality across these algorithms deserves attention. In this regard, table 6 provides information related to the quality of matching for the different matching algorithms based on the following indicators: pseudo R2, LR chi2 values, p-value, mean bias and variance among others. Generally, all the algorithms perform exceptionally well in terms of matching as shown by zero level of pseudo R2 and very high levels of p-values, which in most cases equal to one, after matching.
27 Table 7 shows comparable private school effects from the different matching algorithms.
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Estimates from different matching algorithms are within the same range. In maths, we find 26 For a detailed exposition of these matching algorithms, we refer readers to Caliendo and Kopeinig (2008) , Rosenbaum (2002) and Dehejia and Wahba (2002) .
27 Nevertheless, the nearest neighbor and caliper matching algorithms are characterized by relatively low levels of p-value. 28 In each matching algorithm, we impose a caliper width of 0.00001 which is much lower than what most studies use. Imposing caliper widths helps avoid bad matches and hence helps to further deal with selection issues (Caliendo and Kopeinig 2008) . While there is no empirical evidence on the optimal caliper width (Austin 2008) , the choice of caliper width depends on the extent of variance-bias trade off the researcher wants to achieve (Heckman et al. 1997 , Faries et al. 2010 ) and the sample size (Smith 2000) . Low levels of caliper width result in the matching of more similar subjects, leading to improved comparability of groups which translates to less biased estimates. However, it may also result in the formation of fewer matched pairs, thus decreasing the precision, due to high variance, of the estimated treatment effects. In many studies, including those in education, researchers use calipers of pre-determined width (ad hoc) that are generally independent of the distribution of the propensity score. In medical literature, caliper width of 0.6 and 0.2 of the logit of the standard deviation of the logit of the propensity is predominantly used (Austin 2008) . Notes: (1) 'Before' means before matching. 'After' means after matching; (2) We include the following variables in the probit regression when estimating the propensity score: child variables (gender, age, aged squared, whether the child attends for extra-tuition classes and child's grade), mother's age and mother's age squared, mothers education, father's education, household size, dummy variable for whether the household has a toilet, dummy variable for whether the household has a water facility, time taken to reach school, dummy variable for whether the household owns the following assets (TV, radio, car, computer, mobile phone, bicycle, motorbike, cart, cattle, donkey, camel, sheep/goat), number of meals per day, type of household dwelling unit, regular source of lighting for the household and village characteristics (whether a village has chief's camp, a shopping center, electricity connection, tarmac road, all-weather road, education committee, protected water point and whether a village is rural);
(3) The probit results are shown in table A.1 in the appendix; (4) Standard errors are in parentheses and; (5) ***1% significance level, **5% significance level and *10% significance level. Notes: (1) We include the following variables in the probit regression when estimating the propensity score: child variables (gender, age, aged squared, whether the child attends for extra-tuition classes and child's grade), mother's age and mother's age squared, mothers education, father's education, household size, dummy variable for whether the household has a toilet, dummy variable for whether the household has a water facility, time taken to reach school, dummy variable for whether the household owns the following assets (TV, radio, car, computer, mobile phone, bicycle, motorbike, cart, cattle, donkey, camel, sheep/goat), number of meals per day, type of household dwelling unit, regular source of lighting for the household and village characteristics (whether a village has chief's camp, a shopping center, electricity connection, tarmac road, all-weather road, education committee, protected water point and whether a village is rural); (2) The probit results are shown in table A.1 in the appendix; (3) Untreated are the number of students in the untreated group (number of public school students). Treated are the number of treated students that are on the common support; (4) Standard errors are in parentheses and; (5) ***1% significance level, **5% significance level and *10% significance level.
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a private school advantage ranging from 0.14 score standard deviations based on nearest neighbor matching (with replacement) to 0.17 score standard deviations based on Kernel matching. In language, we find a private school advantage between 0.26 score standard deviations based on almost all matching algorithms to 0.27 based on neighbor matching (with replacement) and caliper matching.
Lastly, we assess the extent to which estimates from propensity score matching are influenced by hidden (unobserved) bias. As discussed in section 5.0.6, if there are unobservables that influence both student assignment into private schools and student test score performance, then a bias might arise and this is likely to undermine the robustness of the estimates we present in table 7. Similar to the procedure by Altonji et al. (2005) , our interest here is to determine how strongly an unmeasured bias must influence the selection process to undermine the implications of the estimates (Azam et al. 2015 , Rosenbaum and Rubin 1983 , Rosenbaum 2002 . If there is a positive selection on unobservables, our estimated private school effects overestimate the true effects (Azam et al. 2015, Rosenbaum and Rubin 1983) because students who perform better are likely to sort into private schools.
In p-value) . If the p-values remain significant (for instance, less than 0.1) for reasonably large values of gamma, then our private school effects are robust to hidden unobservables (Azam et al. 2015) .
The results in table 8 show that the positive effect of private schools on maths test scores withstands even at relatively high values of selection on unobservables. In other words, we can reject the null hypothesis of zero private school effect on maths test scores even in the presence of relatively high values of selection on unobservables. In the case of language, the effect of private schools disappears even under low levels of unobserved selectivity. For instance, we fail to reject the null hypothesis of zero private school effect on language test scores even with observationally similar students who differ in their relative odds of attending private school by a factor of 1.2 (see Rosenbaum and Rubin (1983) for a detailed theoretical discussion and Azam et al. (2015) for empirical application). table 9 , we see that in maths, the premium ranges from 0.13 to 0.20 score standard deviation, using the household and village fixed effects model, respectively. In the case of language, it ranges from 0.20 to 0.29 score standard deviation, using the household and village fixed effects model, respectively.
Results from the Altonji et al. (2005) procedure show that the magnitude of bias, as compared to the private school coefficient, is quite large in the OLS and village fixed effects suggesting that these models may suffer from the problem of selection due to unobservables. The OLS and village fixed effects in fact overestimate the true private school effect. The propensity score matching procedure is based on an assumption that conditional on observables, private and public school students do not differ systematically along unobservables. Sensitivity analysis based on Rosenbaum (2002) however shows that the estimates based on propensity score matching, especially for language, are not free from the hidden bias and therefore do not entirely meet this assumption. Perhaps this explains why the estimates based on propensity score matching are quite close to those in OLS. Notes: Standard errors are in parentheses, ***1% significance level, **5% significance level and *10% significance level.
Since private school choice takes place at the household level, it is likely that a substantial part of the unobservables are accounted for by the household fixed effects model. It is for this reason that the household fixed effects model yields smaller coefficients of the private school effect. Also, the estimated bias based on the household fixed effects models based on the Altonji et al. (2005) procedure are negative and also smaller in magnitude (see table 4 and table 5), indicating that unlike the other models, household fixed effects models yield coefficients that are an underestimate of the true effect of private school.
Since the OLS and village fixed effects overestimate the private school premium while the household fixed effects underestimate it, the true private school premium lies within the range we provided in table 9. However, for reasons we have already provided, the household fixed effects regressions are more reliable and closely capture the true effect of private schooling on student learning.
Conclusion
In this paper, we use a rich household survey data to quantify the relative contribution of private schools on cognitive achievement of lower primary (grade two to four) school children in Kenya. One of the challenges facing a study like ours is the extent to which the researcher is able to account for the endogeneity of school choice. Dealing with such a challenge depends on the quality and nature of data. In this study, we are fortunate to use the Uwezo household survey that enables use to use a number of estimation techniques that account for the endogeneity of school choice. Results from Altonji et al. (2005) shows that the size of the bias on the estimated coefficient of the private school variable due to unobservable selectivity, especially based on the household fixed effects model, is quite small. This therefore makes one confident that the range of the size of the private school premium we present could be close to the true effect.
Analyzing the effectiveness of private schools in Kenya comes with a number challenges. As discussed in section 2, private schools are quite heterogeneous. They mainly comprise highly fragmented non-formal schools (mainly located in informal settlements) and formal private academies (in middle and high-income urban areas). Heterogeneity is also reflected in the mode of funding. We have government supported private and self-reliant private schools. In India, a study by Chakrabarti and Peterson (2008) finds that the effects of private aided schools are different from those of private unaided schools. Unfortunately, the manner in which our data was collected does not allow us to account for this heterogeneity. Our estimates should therefore be interpreted in the context of these limitation.
8 Appendix . At the urging of the African National Congress, from 1992-1994 SALDRU and the World Bank coordinated the Project for Statistics on Living Standards and Development (PSLSD). This project provide baseline data for the implementation of post-apartheid socio-economic policies through South Africa's fi rst non-racial national sample survey.
In the post-apartheid period, SALDRU has continued to gather data and conduct research directed at informing and assessing anti-poverty policy. In line with its historical contribution, SALDRU's researchers continue to conduct research detailing changing patterns of well-being in South Africa and assessing the impact of government policy on the poor. Current research work falls into the following research themes: post-apartheid poverty; employment and migration dynamics; family support structures in an era of rapid social change; public works and public infrastructure programmes, fi nancial strategies of the poor; common property resources and the poor. 
